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Executive Summary

An increasingly important issue in considering the feasibility of a computerized Law School Admission
Test (LSAT) is the development of accurate statistical estimation tools that work well for the modest amounts
of test taker data per test question (”item”) that are typical of computerized tests. This is especially
important for pretest items, whereby, currently, a pretest item is an item administered on an earlier exam as a
nonoperational item in order to assess its characteristics so the item can be effectively used operationally on
future LSAT administrations.

In computer adaptive testing, the rates at which items are exposed to test takers must be carefully
controlled to ensure test security. Hence a very large operational item pool, whose items have already had
their statistical properties analyzed at the pretest stage described above, must continuously be maintained
and gradually renewed. Thus the goal of obtaining accurate estimates of characteristics (called “item
parameter calibration”) of pretest items by using as few test takers as possible for each pretest item becomes
even more important in computer adaptive testing than in convential paper-and-pencil testing. In this study,
several approaches for extracting useful collateral information for the purpose of pretest item parameter
calibration are developed and studied. In the general statistical estimation context, collateral information
refers to additional estimation information derived from variables that are distinct from, but correlated with,
the studied relevant variable of interest.

That LSAT currently consists of three item types: logical reasoning (LR), analytical reasoning (AR), and
reading comprehension (RC). Even though separate scores are not currently reported for the different item
types, the reporting of separate scores for at least some item types could be considered for a computerized
LSAT. Thus, for calibrating pretest items for one item type, the use of collateral information from some other
item type could be helpful.

The project’s specific goal is the investigation of the use of such collateral information to aid in reducing
the number of test takers per pretest item required for calibrating test items. For the LSAT, collateral
information may be of particular value in calibrating pretest items, because, as previous studies have
suggested, the LSAT measures two dominant abilities (“dimensions”). One such dimension is defined by the
AR items, and the second by the combined LR and RC items. While in practice, pretest RC items may be
calibrated by considering only RC operational item responses, it is also possible to use test taker
performances on AR items as well (i.e., collateral information from the AR items) to aid in the calibration of
pretest RC items.

This study evaluates the practical benefit (if any) of using collateral information from one item type
when statistically analyzing pretest items of some other item type. The criterion for evaluation of pretest
item calibration accuracy was the reduction achieved by the use of collateral information in the number of
test takers that must be administered each pretest item so that its item parameter estimates reach a specified
level of accuracy. Our proposed methods involve both statistical tools that presume only one dominant
ability being measured on a test and tools that assume two dominant abilities being measured, as has been
confirmed to be true for the LSAT by statistical analyses as mentioned above. They also involve tools that
include and exclude an intermediate ability estimation stage. These methods are described in detail and
evaluated through simulation studies.

Results from simulation studies demonstrate that there is a practically important amount of
improvement in calibrating pretest items of one item type attributable to the use of collateral information
from some other item type provided only a moderate number of operational items are present for each item
type. Unfortunately, for purposes of an LSAT computerized administration as currently contemplated by
Law School Admission Council (LSAC) where the number of operational items per item type is expected to
be more substantial, the high level of ability estimation accuracy for any one item type (because of the more
substantial number of items being anticipated) seems to offset any advantage that could be gained through
introducing collateral information from some other item type. However, if future LSAT pretest item
calibration needs to evolve in any way where short substantively similar operational sets of items need to be
calibrated, then our results suggest collateral information could provide practically important gains in
pretest item calibration accuracy.

Introduction

The growing recognition that most standardized tests are multidimensional presents new statistical
challenges in the application of item response models. The unidimensionality requirement of many IRT
models implies that accurate parameter estimation is optimal only when the interaction between items and
test takers can be well modeled by a single latent dimension. Thus tests known to be multidimensional may
be better modeled by calibrating subsets of test items where each such subset is known to be relatively
dimensionally homogeneous. This is not to imply that such calibrations must be performed independently,
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however. In fact, when the latent dimensions are correlated, there is reason to believe that item responses
from one such subset of items can serve as a source of collateral information for more accurately calibrating
another targeted, dimensionally distinct and homogeneous subset of test items. Previous research has
suggested a methodology by which variables external to the test can assist in the estimation of item
parameters (Mislevy, 1987). The goal of this investigation was to determine whether items measuring
distinct but correlated latent dimensions to that measured by the targeted set of items to be calibrated can
likewise help produce better item parameter estimates.

Previous dimensionality analyses of Law School Admission Test (LSAT) forms suggest that the forms are
well-approximated by a two dimensional structure, with items from the Analytical Reasoning (AR) section
measuring a distinct ability from that measured collectively by the Reading Comprehension (RC) and
Logical Reasoning (LR) sections (Ackerman, 1994; Camilli, Wang, & Fesq, 1992; Camilli, Wang & Fesq, 1995;
De Champlain, 1995; De Champlain, 1996; Douglas, Kim, Roussos, Stout & Zhang, 1999; Stout, Habing,
Douglas, Kim, Roussos, & Zhang, 1996; Wilson & Powers, 1994). Because of this finding, the Law School
Admission Council (LSAC), as part of their investigation of a computerized version of the LSAT, could
consider the possibility of reporting separate scores for the two dimensions. It may therefore be desirable to
calibrate the RC items (along with the LR items) with respect to an ability dimension modeled as distinct
from that of the AR items. In this context collateral information may be of particular benefit in item
parameter estimation. Specifically, the use of collateral information from one section has the potential to
allow the use of fewer test takers in estimating the item parameters of another targeted section. From the
LSAC perspective, collateral information therefore finds an important potential application in calibrating
pretest items. With respect to the anticipated LSAC Computerized Test (CT), this may translate to fewer
administrations of pretest items to obtain equally precise item parameter estimates as compared to
calibrating without collateral information.

In exploring the possible application of collateral information for item parameter estimation with the
LSAT, this study had three specific objectives.

1) to provide evidence that collateral information is useful in item parameter estimation;

2) to evaluate the magnitude of collateral information improvements in pretest estimation in a
pencil-and-paper (P&P) setting designed to be an analog of an LSAT CT setting; and

)] to propose an easily-implemented methodology by which such collateral information can
be utilized.

Several approaches were explored as possible ways of applying collateral information to improve pretest
item parameter estimation. For purposes of investigation and demonstration, we assumed a parameter
estimation scenario in which collateral information from an AR section is added to test taker responses from
an RC section to calibrate pretest RC items to a desired level of accuracy. Although all results are obtained by
way of data simulation, the parameters selected to generate the simulated data were based on estimates
obtained using real data from test taker responses to operational items on the October 1992 administration of
the LSAT, with parameters for the to-be-calibrated pretest items randomly selected from among those in the
RC operational section. In this regard, the results of the simulation study should provide evidence of what is
likely to occur when the methods are applied to real LSAT data. Parameters were estimated and data
generated using the MD2PL multidimensional logistic model (Reckase, 1985):

exp(a;0, +a,,0, +4d;)
1+exp(a, 0, +a,,+4d,;)

P(01102)=

where 8,6, denote distinct abilities, 4;,;, are corresponding discrimination parameters, and d, a difficulty
parameter. The program NOHARM (Fraser, 1988) can be used to obtain parameter estimates of the MD2PL
function above. We may think of 8, and 6, as corresponding roughly to the abilities defined by the AR and
RC content sections, although our methods do not make this assumption.

The effects of collateral information on item parameter estimation accuracy are evaluated by comparing
the true item response functions (IRFs) of the pretest items with the IRFs obtained using the parameter
estimates for the pretest items for conditions with and without collateral information. Note that because
simulation data are used, the true IRFs are known to us. The mean absolute difference (our choice of metric
for assessing IRF estimation accuracy) between curves is evaluated at 31 points on the 8 scale, integrated
across 8 and weighting by the presumed standard normal density for the latent RC ability.
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Note that the October 1992 LSAT administration consisted of 27 operational RC and 24 operational AR
items. In a CT administration more precise estimates of ability could be obtained with respect to each of
these ability dimensions because it would be possible to have more RC and AR sectional information than 27
RC and 24 AR P&P items can provide. In particular, LSAC could consider having each sectional CT score be
as reliable as the current P&P overall LSAT test score. In close consultation with research scientists at LSAC,
it was determined that one possible P&P analog (i.e., an analog in the sense of having the same amount of
measurement precision) of such a CT test would consist of approximately 80 RC and 80 AR operational
items. However, due to limitations of currently available item calibration software, it was sometimes
necessary to restrict the number of operational items somewhat below this number. Fortunately, as shown
below, this did not have a meaningful effect on the ultimate outcome, as the smaller number of operational
items actually used appeared to reach an asymptotic condition.

Three approaches were explored for using collateral information from AR items to assist in calibrating
RC pretest items. These methods are summarized in Methods 1, 2, and 3 below. A key challenge to
successfully applying collateral information from AR operational items to improve RC pretest item
estimation accuracy is to do so in a way that does not bias the RC item parameter estimates away from the
RC direction and toward the AR measurement direction. Consequently, the amount of information provided
by the AR items as they impact RC item parameter estimation in the RC ability direction should be reduced
relative to the AR ability direction.

Method 1

The basic setting is a sample of test takers producing operational (RC, AR) item response data with a
subset of the test takers also responding to a set of pretest RC items needing to be calibrated. The method
splits into two stages. Stage 1 uses the operational (RC,AR) test taker response data to derive an AR
collateral-information-enhanced 0 ;. estimator, denoted by 6 ... Stage 2 then uses 6, as a known
independent variable and the pretest RC item responses as the observed dependent variable in a standard
logistic regression problem to estimate the pretest RC IRFs by a maximum likelihood estimation (MLE)
procedure. Stage 2 is applied to the subset of the test takers who took both the operational items and the
pretest RC items targeted for calibration. Stage 1 requires a more detailed description and is most easily
described by breaking it down into several steps.

Step 1. Estimate the test structure of the operational (RC, AR) data using a two dimensional
MD2PL model estimation procedure, our choice being NOHARM operated in a confirmatory
simple structure mode. That is, all RC items are presumed to measure the same RC dimension and
no other dimension, and similarly for the AR items.

Step 2. Using the item parameter estimates from Step 1 as the true item parameters and assuming
a standard multinormal ability distribution, generate an artificial data set. Because LSAT
dimensionality analyses have consistently supported a two-dimensional structure for the RC and
AR items, the psychometric properties of this artificial data would be expected to approximately
resemble the properties of the original LSAT data. The artificial data has the added advantage that
the true 6. values are known for these data.

Step 3. Using the artificial data, obtain 8 . and 8 ,, for the simulated test takers in these data by
running BILOG (the marginal MLE based procedure of Mislevy & Bock, 1989) separately on the
artificial AR and RC data sets.

Step 4. Using 0 as the dependent variable and using §,. and @ 4ras the independent variables,
solve for the multiple linear regression equation relating 6 ;. to 6. and 6 ;.

Step 5. Assuming this regression equation closely approximates the relation of 8 . to 6 xc and @ 4,
in the original LSAT data, this formula is applied to the gperational (RC, AR) data. BILOG is run
separately on the RC and AR operational data to obtain 8. and 8 4; for all the test takers. Then
the 6, and @ ,; values are substituted into the regression equation to obtain the
collateral-information-enhanced 6. values for all the test takers (actually, the only values needed
are those for the test takers who took the pretest RC items). As mentioned above, these
collateral-information-enhanced 6 . ability estimates are then used in Stage 2 to estimate the IRFs
for the pretest RC items.
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Study 1

Study 1 was then conducted to evaluate the potential effectiveness of Method 1. To evaluate the method,
it was applied to a simulated data set. To obtain realistic item parameters for the simulated data, NOHARM
was applied in a two-dimensional exploratory mode (with uncorrelated abilities) to a real LSAT data set
consisting of 5,000 test taker responses to 24 AR and 27 RC operational items from the October 1992 LSAT
administration. The item parameter estimates from this NOHARM analysis were then used as the true item
parameters for generating the simulated data to be used in the evaluation of the method. Using these item
parameters for the simulated 24 AR and 27 RC operational items, using a random sample of 10 of the RC
item parameters for the simulated RC pretest items, and assuming a standard bivariate normal ability
distribution with uncorrelated abilities, a simulated data set was generated with 5,000 test takers taking the
simulated operational items and 1,000 of these test takers also taking the 10 simulated pretest RC items. In
this manner the true pretest RC IRFs for the data set were in fact known to us and thus the performance of
Stage 2 of the method has the potential to be evaluated. Moreover, the true RC abilities for the 5,000
operational-item-taking test takers were also known to us. The RC ability direction was determined by
taking the estimated measurement directions in the (6,,0,) plane for all the simulated RC items. This
amounted to equating 8 .. to the appropriate weighted combination of 8, and 8,. Hence the performance of
the Stage 1 collateral-information-enhanced RC ability estimation for the 5,000 test takers taking the
operational items has the potential to be evaluated. In particular the accuracy of using collateral information
to estimate RC abilities can be compared with the ordinary BILOG estimated RC abilities using only test
taker responses to the operational RC items.

An evaluation of the collateral-information-enhanced RC ability estimates in relation to the true 8 ¢
values was first conducted because for the Stage 2 MLE procedure to be effective, the collateral information
enhanced 0, estimates must provide an improvement over the ordinary noncollateral information 6 g
estimates. Comparisons were made both with respect to the ability estimation standard errors and bias
occurring locally at several locations in the 8, 8 ,; plane. Results demonstrated noticeably reduced
estimation standard errors over the entire plane. Although serious 8. ability estimation bias occurred at
certain locations, thus reducing or negating 6 ;. ability estimation improved accuracy as assessed by mean
square error. Consequently, until a method is found to control for this bias, it was deemed appropriate to
consider other methods that bypass the 6 collateral information enhanced ability estimation stage of this
method. However, it is planned in future research to use nonlinear regression of 8. on (8, 8 4z) in an
attempt to reduce the RC ability estimation bias to an acceptable level, thereby achieving reduced mean
square 0 .. ability estimation error locally in the (0., 8 ,;) plane.

Method 2

This method bypasses the ability estimation stage entirely, although it still presumes two-dimensional
IRF estimation capacity, such as provided by NOHARM or TESTFACT (Bock, Gibbons & Muraki, 1988). The
first step is a two-dimensional calibration of the operational (RC,AR) items. In its usual exploratory mode,
NOHARM provides a solution in which each item loads to varying degrees on a specified number of
underlying common factors. With NOHARM there also exists the capacity to fit confirmatory factor
models—for example, each subset of items of the multidimensional model that is presumed to measure a
common dimension can be constrained so as to measure only that dimension (e.g., RC items can be
presumed to measure only in the RC direction, and similarly for the AR items). A multidimensional test will
be said to exhibit “simple structure” when its items can be partitioned into dimensionally homogeneous
clusters. As referenced above, previous dimensionality studies of the LSAT suggest that such simple
structure in a two-dimensional solution appears to be approximately satisfied. Consequently, a
multidimensional NOHARM approach was attempted using both a confirmatory (assuming partial simple
structure) as well as an exploratory (not assuming any simple structure) method.

In the exploratory method, MD2PL item parameter estimates for RC and AR items are computed for all
of the items without any simple structure constraints imposed. An RC measurement direction is defined as
the composite direction in the 6,, 6, plane determined by averaging the estimated RC item measurement
directions. (Note that the 8, found in NOHARM is not presumed to be 8. when simple structure is not
imposed on the directions of item measurement.) Discrimination parameter estimates can be determined for
all items (AR as well as RC) with respect to the RC measurement direction by geometrically projecting the
discrimination parameter vector for the items onto that direction. We omit the mathematical details of this
projection. However, its role is to model AR item functioning in the RC direction, thus allowing us to capture
the collateral information provided by the AR items in the RC direction. Collateral information is obtained
from the fact that both AR and RC items are calibrated simultaneously using a multidimensional estimation
method and thus both supply information about each of the latent abilities underlying the solution. Segall
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(1996), for example, demonstrates the usefulness of multidimensional estimation in increasing measurement
precision in the context of multidimensional computerized adaptive testing.

In the confirmatory method, the RC items are assumed to measure only in the RC direction (a simple
structure assumption) while the AR items’ measurement directions are still allowed to vary and are thus
determined by the usual exploratory factor analysis methods. The measurement directions for the AR items
are allowed to vary because the goal of the analysis is to find out the degree of discrimination of each AR
item in the RC direction. The factor pattern is displayed as in Figure 1. Note that in this case the RC items are
constrained to measure a single common dimension, while the AR items are free to load both on the RC
ability, as well as an orthogonal dimension. In this way, whatever information the AR items contain with
respect to RC ability is automatically taken into account in calibrating the RC pretest items.

Item 9, 0,
1 1 0
2 1 0
3 1 0

1 0

. 1 0
27 1 0
28 1 1
29 1 1
1 1

. 1 1
50 1 1
51 1 1

FIGURE 1. Factor pattern
Study 2

The simulated data used to evaluate the exploratory method are generated in the same way as the data
generated for Study 1. To evaluate the confirmatory method, simulated data are generated assuming an
(AR,RC) simple structure with the simulated AR and RC items measuring dimensionally distinct but
correlated abilities. The parameters used to generate data conforming to this structure were obtained by
applying a NOHARM simple structure solution to the operational AR and RC sections of the October 1992
LSAT administration. The item parameters for the simulated pretest RC items were randomly selected from
among the parameter estimates obtained for the RC operational items. In a manner similar to Study 1, the
simulated abilities were generated from a standard bivariate normal distribution with a correlation of 0.7
between the two abilities.

The results for both variations of Method 2 suggested no discernible effect from collateral information in
improving the simulated RC pretest item parameter estimates. In an attempt to determine whether such
results were an artifact of the methodology used or an indication that useful collateral information did not
exist, we tried several modifications of this basic setting to thoroughly assess NOHARM'’s capacity to make
valid use of the available collateral information. For example, a strictly unidimensional NOHARM analysis
was conducted by adding (noncollateral) information by merely increasing the simulated RC section length.
In essence, this approach replaces the AR items by additional RC items known to measure the same ability
dimension. Analyses were carried out both in the short sectional length condition (in which 24 RC items are
added to the original 27 RC items) as well as in the (60,60) case, which is the maximum possible because of
NOHARM operating constraints. The obtained results (in conjunction with those positive results to be
described shortly under Method 3) suggested that our lack of positive results when using NOHARM were
likely a result of an inadequate performance by NOHARM rather than a lack of collateral information. The
reasons for NOHARM's inability to utilize collateral information from the simulated AR items were left as
an issue for future study.
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Method 3

One solution to the problems incurred in using NOHARM may be the development or use of alternative
software. Limited by the fact that developing and coding effective two-dimensional estimation software is a
challenging and time-consuming task, we turned to the use of alternative software. We devised a way to
coerce BILOG into calibrating the AR operational items in the composite direction of the RC items. The first
step required unidimensional BILOG estimation of the operational RC item parameters. The next step
required repeatedly running BILOG on all 27 operational RC items together with one AR item at a time (24
separate runs of BILOG). In each of these BILOG runs, the RC item parameter estimates were fixed to be
their values from the first BILOG run on the RC items alone (an option available with BILOG is the fixing of
some of the IRF parameters). Consequently, each AR item is treated by BILOG as though it were an RC item;
and, in particular, the estimated discrimination parameters for the AR items give the degree to which these
items discriminate in the direction of best RC measurement. The final step involved fixing the estimates of all
the operational items (using the estimates from the first BILOG run for the RC items and the estimates from
the 24 BILOG runs for the 24 AR items) and using BILOG to estimate parameters for five RC pretest items.

Study 3

As was done in evaluating the confirmatory variation of Method 2, the simulated data used to evaluate
this method are generated assuming an (AR,RC) simple structure with the simulated AR and RC items
measuring dimensionally distinct but correlated abilities. The parameters used to generate the data were
obtained (as in Method 2) by applying a NOHARM simple structure solution to the operational AR and RC
sections of the October 1992 LSAT administration. Because LSAC is currently considering pretesting items in
five-item sets, the number of simulated pretest RC items to be calibrated was set at five to add a further
degree of realism to the study. The item parameters used to simulate the data for the targeted pretest RC
items were randomly selected from among the parameter estimates obtained for the RC operational items.
As in Study 2, the simulated abilities were generated from a standard bivariate normal distribution with a
correlation of 0.7 between the two abilities.

Two types of data structure cases were simulated for the operational item responses. In the first case,
2,500 simulated test takers were generated, each of whom responded to all 51 simulated (RC,AR) operational
items. In a second case, a scenario more realistic from the CT perspective was simulated in which
operational items have varying exposure rates. In this case, one third of the operational items were
responded to by 1,250 test takers, another third were responded to by 2,750 test takers, and the remaining
third were responded to by 4,250 simulated test takers. In this latter case, it could be assumed that the
accuracy of the operational item parameter estimates varied across items, as would occur with CT.

In both cases, additional data were generated for simulated test takers who took all 51 of the operational
and all five of the pretest items. The simulated sample sizes for these additional item responses were 150,
200, 250, 500, 750, and 1,000. (Consultation with LSAC research scientists suggested that 1,000 test takers per
pretest item may be a reasonable upper bound for the proposed LSAT CT).

Two conditions of collateral information were also studied. In the “no collateral information” condition,
only the responses for the 27 simulated RC operational items (and their accompanying fixed value IRF
estimates) along with the 5 simulated RC pretest items are used. In the “collateral” condition the 24
simulated AR items (and their fixed value one-at-a-time BILOG IRF estimates) are added to the calibration.
The accuracy of parameter estimates for the 5 pretest RC items is evaluated by comparing the corresponding
estimated IRFs with the true IRFs (known to us because we are working with simulated data) used to generate
the items, in the manner described earlier. Results are displayed in Figures 2 and 3 for the case where 2,500 test
takers were simulated for all operational items and for the case where 1,250, 2,750, or 4,250 test takers were
each simulated for one third of the operational items, respectively. A total of 6 replications were conducted for
both the “no collateral” and “collateral” conditions at each sample size level. In both figures the mean absolute
error between true and estimated IRFs (across the five pretest items and averaged over the six replications) are
presented. Negative exponential curves are fit separately for the “no collateral” (X) and “collateral” (O)
conditions to the overall mean across replications at each sample size level in an effort to extract signal from
noise. The distance between curves provides an estimate of the amount of error reduction that can be attributed
to collateral information, as the lower curve in both figures corresponds to the collateral condition. For
example, it appears from Figure 2 that the accuracy attainable with approximately 700 test takers when not
using collateral information can be attained with about 600 test takers when using collateral information. This
is easily seen by drawing a vertical line from 700 to the upper curve, then a horizontal line to the lower curve,
then a vertical line back down to the horizontal axis and reading the estimated savings in number of test takers
required, which is about 100. The difference between curves appears to be approximately the same across the
conditions in which the number of simulated test takers per operational item was varied.
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FIGURE 2. Case of 2,500 test takers per operational item
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FIGURE 3. Case of varying number of test takers per
operational item
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The effects of collateral information were much less pronounced when the number of operational items
was increased to emulate the level of measurement precision expected under an LSAT CT administration.
That is, the approach just described was reconducted using 60 simulated RC and 60 simulated AR items
(BILOG restrictions would not enable more operational items). Figures 4 and 5 display the means across the
six replications at each sample size under the “no collateral” and “collateral” conditions. In both the fixed
and variable operational sample size cases, there appears to be virtually no effect as a result of collateral
information. It appears that 60 well-estimated RC items provide all the information we need in estimating
pretest RC IRFs, keeping in mind that there are other influential sources of estimation error such as the
inherent randomness of test taker responding. Because these results with 60 items each of AR and RC
showed little if any gain from collateral information, it is clear the same result would occur if 80 items were
simulated for each of AR and RC. Thus the 60-item limitation turned out not to be a problem for
generalizing our results to the case of using the desired larger number of items. Because of the effectiveness
of BILOG in capturing useful collateral information, we made a preliminary effort to write a marginal MLE
BILOG-like program following a prototype provided by Baker (1992). However, we abandoned this effort
when it was found that its errors of IRF estimation were 50% higher than with the BILOG program.

00 o =no collatera! condition (just RC items)
#= collateral condition (RC + AR items)
0.03
S
s 002
0.01
00

200 400 600 800 1000
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FIGURE 4. Case of 2,500 test takers per operational item
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FIGURE 5. Case of varying number of test takers per
operational item

Summary and Conclusion

The results of Method 3 appear to be quite convincing in their demonstration of the potential increase in
accuracy of item parameter estimation through collateral information. Unfortunately, for purposes of LSAT
CT administration as currently planned, the substantial improvement in ability estimation seems to offset
any advantage that could be gained through collateral information, at least when assuming the
two-dimensional structure of the LSAT considered here. Perhaps the best demonstration of collateral
information effects will occur in settings where smaller numbers of operational items are used to define a
dimension according to which new items must be calibrated. For example, we conjecture that in cases like
(10 RC, 10 AR) or (15 RC, 15 AR) operational items that the improvements in test taker pretest sample sizes
needed should be quite dramatic, even when compared with the Figures 2 and 3 (27 RC, 24 AR) operational
items case. Although the focus of this study precluded a more detailed dimensionality analysis of the LSAT,
if item parameter estimation of LSAT forms with respect to a larger number of dimensions is ever deemed
useful, collateral information may be of greater value. In the case detailed in this paper, the use of only two
dimensions resulted in a large number of operational items per dimension, large enough that it appears to
put us in the asymptotic situation where using an even larger number of operational items in the calibrating
of pretest items provides via collateral information little if any added benefit.

For reasons that were not explored in this study, the estimation approach employed by the BILOG
program seems to make more effective use of collateral information than that employed by the
multidimensional estimation program NOHARM. Development of software emulating the algorithm of
BILOG but permitting the fit of multidimensional structures such as in Figure 1 would appear to be a useful
goal of future work. Because the operational items are fixed at their previously estimated values (i.e., no
multidimensional estimation is required), development of such software would appear to be reasonably
straightforward.
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